Introduction
Functional modeling is an integral part of modern design processes. The widespread use of functional modeling in many contrasting and complementary forms has motivated the design community to search for a unified, systematic and formal theory of functional modeling. Many of the current theories lack any formal validation and this point often hinders their acceptance.
If functional modeling can be shown to be a repeatable design tool, then a number of new design applications and tools are possible. One of the most promising applications is in the area of computational design tools. Just as computer aided design ͑CAD͒ has revolutionized the field of engineering over the past twenty years, functional modeling offers an analogous leap. Over the years, CAD has benefited the field of engineering by increasing productivity, reducing a product's time to market, and improving manufacturability. Unfortunately, current CAD applications are only able to capture a product's geometrical features, but not a product's function or behavior. If a tool is developed that can perform these operations, an engineer would no longer search a database for merely geometric representation, but instead look for products similar in function. In other words, capturing a product's function opens the door for design by analogy techniques ͓1-4͔, potentially reducing design time and increasing creativity.
Conceptual product architecture development could benefit from a functional model derivation method that produces unique functional models ͓5,6͔. As an example, modular products offer benefits in terms of interchangeability, use of common parts and reduction of manufacturing costs ͓7-9͔. Unfortunately, in many instances the benefits of a modular architecture may not be realized until after an initial prototype is produced. By using functional modeling, it is possible to develop product architectures earlier in the product development process. Stone et al. use heuristics in order to develop useful architectures. These heuristics, however, are dependent on a quasi-unique and repeatable functional model.
In this article, we report on efforts to determine the usefulness of an approach to functional modeling ͑termed the functional model derivation method͒. In this context, we define usefulness as the ability to generate repeatable and unique functional representations of products. For repeatability assessment we look at simple frequency of occurrence of sub-functions identified by experiment participants. Concerning uniqueness, we hypothesize that one or very few ''correct'' functional representations of a product exist given process choices ͑i.e., choice of input flows such as electrical energy vs. mechanical energy͒. We term these models ''quasiunique'' functional models. Since functional models capture only what the product does, there are no form solutions to describe and, thus, a limited set of functions can completely describe the product. Therefore, we assess the uniqueness characteristic of the method by comparing participant functional models against the quasi-unique functional model that we derive by following the functional model derivation method.
In Section 2 we review current and past function-based design methodologies. Section 3 contains details discussing the procedure of a functional modeling repeatability experiment. The results and data analysis are discussed in Section 4 before conclusions are made in Section 5.
Background
Functional modeling in engineering design research theory is a well-researched and active field of engineering study. There are numerous functional modeling methodologies, all of which follow a similar procedure. They begin with an overall product function and then break that function down into sub-functions. The most well-known approach to creating a functional modeling of a product is that of Pahl and Beitz ͓10͔. They model the overall function and decompose it into sub-functions operating on the flows of energy, material, and signals. Their functional approach was a great advance for engineering design, but their methodology did not provide an all-encompassing list of sub-functions to describe all possible engineering systems or produce repeatable function structures. Since then, many researchers have sought to fill in the missing portions of Pahl and Beitz's work ͓11-17͔.
A problem with many of the reviewed function based design methodologies is their inability to produce repeatable functional models of a particular product. Two engineers can be given the same product, customer needs, and process choices, but the likelihood of them producing similar function structures is low. Some designers have suggested that this is the essential flaw with functional modeling and therefore disregard its significance. We have attempted to resolve this problem by developing a common language to create functional models that enhances repeatability. The reason we believe some level of repeatability is needed for functional modeling goes back to the motivating factors in Section 1. In order to reuse existing design knowledge, there first must be a way to consistently archive the knowledge. While many solutions exist for essentially the same product, we contend that truly similar products perform largely the same set of functions. This functional commonality can be seen at the functional modeling level, and it is here that automated design approaches may be applied to generate possible product solutions from archived design knowledge.
Developing a common language for functional modeling can trace its beginnings back to the study of value analysis ͓18 -20͔. In this work, they define all of their functions using a verb and a noun, but they go one step further than the previously mentioned design methodologies by developing suggested verbs-noun lists. Their lists, however, are not complete and cannot begin to describe all of the possibilities that one might encounter in engineering. In similar work, Collins et al. ͓21͔ use over 500 individual failed parts from helicopters to propose a list of elemental mechanical functions to classify their failure. Their investigation resulted in a list of 105 elemental mechanical functions that can be used to classify helicopter failure data. While very useful, its scope is limited to helicopter applications.
Modarres ͓22͔ uses conservation principles to develop a common vocabulary for functional modeling. Using his methodology, an engineering system can be described using input and output flows of mass, energy, and signals, which he terms main commodities. His methods are very similar to Pahl and Bietz's ͓10͔ function based method, but Modarres goes on to further describe the system by defining support commodities. These support commodities enter the systems boundaries and make the energy conversion possible. His functional classification system has seven main categories and these are further decomposed into 24 major forms. He also classifies six functional primitives that are used in the processing of commodities. Modarres does not specify a format to create functions such as the verb-object format described in Pahl and Beitz. This lack of format leaves room for variability between different users. His classification system is more appropriate for mechanical systems and is lacking in appropriate functional primitives for the processing of signals.
Another example of a function classification system is the TROPOS functional modeling language ͓23,24͔, developed for the modeling of industrial maintenance problems. Using two classes of words, role class and form class, the TROPOS vocabulary identifies different industrial plant activities. The application of TROPOS is limited to industrial plant applications.
Szykman et al. ͓25͔ has developed a functional vocabulary that is used to represent a product's function and its link to product form. This dependence on product form hinders its use during the conceptual design phase, but is a great advance towards a repeatable functional model. Stone and Wood ͓26͔ develop a function and flow vocabulary they call the functional basis. This work sought to identify functions and flows describing the entire mechanical design space and selected the name functional basis to imply the mathematical characteristics of a basis-spanning the space and exhibiting linear independence. Recently, the works of Szykman and Stone and Wood have been integrated to form the reconciled functional basis ͓27͔. The two highest level classifications of the reconciled flow and function sets, called the class and secondary or basic levels, are shown in Tables 1 and 2 . In practice, a functional description uses a verb-object format where the verb is chosen as a function word ͑from Table 2͒ and the object is chosen as a flow word ͑from Table 1͒ . The different levels of classification allow discrete levels of detail to be specified for functional descriptions, i.e., product functionality may be described at either the class or secondary level.
One common thread of these function-based design methodologies is the lack of testing and validation. As suggested by Antonsson ͓28͔ there is a need for hypothesis generation and testing related to engineering design theories. He details a possible procedure to validate a hypothesis through experimental testing and that procedure is adopted for this work. This paper is a significant extension of previous functional modeling research and offers statistical measures of the repeatability of our functional modeling methodology ͓26,29-33͔.
Functional Modeling Repeatability Experiment
To begin, we define the process of deriving a functional model as consisting of five steps. These steps, shown schematically in Our hypothesis states that given the same customer needs and process choices, the functional model derivation method will allow different designers to create repeatable functional models. Also, these repeatable functional models will lead to a quasiunique functional model. In order to test this hypothesis we develop a functional modeling repeatability experiment. This experiment builds on previous efforts ͓29͔ at measuring the functional model derivation method's repeatability. Those efforts showed improved repeatability, however, the experimental setting was not well controlled. Here we propose and follow a more rigorous experimental procedure. Our experiment is designed to identify if repeatability gains may be made when designers use the functional model derivation method vs. Pahl and Beitz-inspired function structure generation methods. As part of the investigation, we examine differences that exist between redesign and original design cases. In constructing the repeatability experiment, we develop the following experimental plan:
1. Research team a͒ selects an existing product that embodies multiple energy domains and formulates an original product design statement; and b͒ derives ''control'' functional models for each product.
2. Participants create a functional model of an existing product with exposure only to Pahl and Beitz-inspired function structure generation methods. 3. Participants are exposed to the functional model derivation methodology through a ''how-to'' manual that details the methodology and provides examples of its usage.
4. Participants apply the methodology on the same existing product as in Step 2.
5. Participants apply the methodology to an original design problem.
6. Research team compares the functional models created in Steps 2 and 4 for repeatability and uniqueness and either validate or disprove our hypothesis for redesign cases.
7. Research team compares the functional models created in Step 5 for repeatability and uniqueness and either validate or disprove our hypothesis for original design cases.
8. Research team observes differences ͑if they exist͒ between the results of Steps 4 and 5.
Thus, implementation of this experimental plan consists of three different experiments. Test subjects consist of academic and industrial designers and mechanical engineering design students at The University of Texas at Austin and the University of MissouriRolla, with a final sample size of twenty-one persons. Control functional models are created by the research team and represent the quasi-unique functional models for each product. These controls are used to check participant models and are obtained following the derivation method outlined earlier. The repeatability experiment is administered as three separate components. The details of each experimental component are given in the following sections.
Experiment #1 "in
Step 2…. Experiment 1 is designed to provide a baseline of each subject's functional modeling capability. In this first experiment, conducted over the span of one week, participants are exposed to the general Pahl and Beitz function structure generation approach and are asked to generate a functional model of the ball blaster. The test subjects receive a Nerf® Ball Blaster and a set of customer needs. A picture of the Nerf® Ball Blaster is shown in Fig. 2 , and a list of the customer needs is given in Table 3 . Additionally, a brief questionnaire is given to identify each subject's experience with functional modeling and design work.
Experiment #2 "in
Step 4…. In the following week, the second experiment asks the subject to once again develop a functional model for the Nerf® Ball Blaster using the product and the customer needs list. In this experiment, however, they are asked to read a ''How-to'' manual detailing the functional model derivation methodology and to produce a model at the secondary ͑or basic͒ level of classification from the reconciled functional basis. This manual contains excerpts from Stone and Wood ͓35͔ and two additional examples on how to create a functional model using the functional model derivation method. Experiment 2 is designed to capture any improvement that occurs in their functional model.
Experiment #3 "in
Step 5…. In order to test the usefulness of the functional model derivation method for original design, experiment 3 asks for a functional model of an original design problem. This experiment is administered in the third week. The subject is given two pieces of information. The first is the following design problem: ''Design a power supply for radios in which human mechanical energy is stored and delivered as electrical energy.'' Since no form is specified, we give the initial process choices of human energy to mechanical energy to electrical energy. This is necessary to compare the subjects' functional model. The second piece of information was a detailed customer needs list, which can be seen in Table 4 . 
Results
In this section, we analyze the results from the previously discussed functional modeling experiments. For participants in this experiment, test subjects from both academia and industry were recruited. For the results presented in this paper, only participants that completed all three experiments are included, resulting in a final sample size of 21. From the questionnaire ͑administered as part of experiment 1͒ we determine that the average functional modeling skill level for the participants in this experiment is very low. These results are summarized in Table 5 . For 70% of the participants, this experiment is their first introduction to functional modeling. Most of the test subjects have designed a product at some point in their career, but their overall knowledge of a systematic design process is very low.
Basic Repeatability Results "All Experiments….
Analysis of the data shows that there is a substantial reduction in the size of the sub-function space used to describe a product's functionality when the functional model derivation method is used. These results are shown in Table 6 .
In the first experiment, the test subjects use 152 distinct subfunctions to describe the Nerf® Ball Blaster. When the functional model derivation method is followed in experiment 2, only 73 distinct sub-functions are used to describe the Nerf® Ball Blaster. This is a reduction in the size of the sub-function space by 52%. This reduction in sub-function space size can be attributed to the limitation the functional basis places on individual expression of product function. While the knee-jerk reaction of many designers is to avoid limitations on expression, in this case the limited vocabulary of the functional basis improves the clarity of the functional model for communication purposes.
Another interesting point shown in Table 6 is that as the size of the sub-functions space decreases from experiment 1 to 2, the average number of sub-functions present in a functional model increases from 16 to 19, a 19% increase ͑the standard deviations are 6.96 and 5.50, respectively, for the two experiments͒. We view this finding as a result of specifying that all subjects model the product at a given level of detail, requiring most subjects to use multiple sub-functions to more fully express former high-level functions.
In Figs. 3 and 4 , one of the more remarkable cases of improvement in the clarity and level of detail of the functional model resulting from the functional model derivation method is shown. The two figures below show the progression of one test subject's functional model before and after learning the method.
Next we look at overall repeatability results of the three experiments. Repeatability is measured as the simple frequency of the experimental subjects' sub-function descriptions and is independent of uniqueness. The frequency results are calculated as an overall average of each sub-function description's frequency and are shown in Table 7 . Note that between experiments 1 and 2 there is a substantial increase in the average frequency. When comparing the results between the redesign ͑experiment 2͒ and the original design ͑experiment 3͒, we note that there is a decrease in average frequency and an increase in the number of unique subfunctions used to describe the products.
Uniqueness Results for Redesign and Original Design
"Experiments 2 & 3…. The sub-function space and the subfunction frequency for experiment 2, ordered from most to least frequent, can be found in Table 8 . This table also identifies the sub-functions of the control functional model ͑shaded in gray͒ for the Nerf® Ball Blaster. Of the top 20% ͑15 sub-functions͒ most frequently occurring sub-functions, 93% ͑14͒ are found in the control functional model, lending support to the hypothesis that the functional model derivation method leads to a quasi-unique functional model. Additionally, 11 sub-functions of the control's 28 distinct sub-functions were identified by at least 50% of the participants.
Original design is often one of the most difficult areas to apply functional modeling. In experiment 3, the results show that our participant pool used 82 distinct sub-functions to describe the hu- Table 9 in descending order of frequency. As in experiment 2, looking at the top 20% ͑17 sub-functions͒ most frequently occurring subfunctions we find that 65% ͑11 sub-functions͒ are found in the control functional model. From the sub-function space we see that at least 50% of the test subjects identify 8 sub-functions from the 22 distinct sub-functions of the control ͑control sub-functions shaded in gray͒.
Finding the Important Functions "Experiments 2 & 3….
In addition to documenting the frequency with which our experimental subjects use the sub-functions of the control functional model, we also investigate the ability of designers to identify the most important sub-functions in terms of customer needs. For any product, there is a set of sub-functions that directly meet the high level customer needs. Other sub-functions that are necessary to completely describe the product's functionality, but do not directly address any customer needs, are called carrier functions. Carrier functions are important, but the overall function of the product is still discernable without their inclusion. During embodiment design, it is easier to account for missing carrier functions than missing functions directly related to important customer needs. Thus, an additional hypothesis is that the functional derivation method leads to functional models among different designers that capture the most important sub-functions in terms of customer needs.
Analysis Methodology.
To compare the experimental subjects' functional models generated in experiments 2 and 3 with the respective control functional models, we borrow from the theory used to develop quantitative functional models ͓5,36͔. This approach allows functional models to be converted into their quantitative counterpart and easily manipulated mathematically. Each functional model is converted into a product vector by correlating the weighted customer needs to flows and then following the flows through the sub-functions, as outlined in Fig. 5 . The sub-functions are assigned the values of the customer need weighting to form the product vector. For carrier functions, a value of one is assigned in order to document the function's presence in the product.
For example, in Fig. 5 , the customer needs minimum exertion, shoot long distance and easy to hold for the Nerf® Ball Blaster map to the flow human energy and are associated with the subfunctions import human energy and convert human energy to mechanical energy accordingly. The weighted sub-function value is then computed, with a ''1'' added to all sub-functions to account for carrier functions. Note for the ball blaster, import human energy is an important sub-function to model as it addresses several highly rated customer needs.
The product vectors are arranged into a mxn product-function matrix, ⌽ ͓33,36͔. Each element i j is the cumulative customer need rating for the ith function of the jth product. We normalize this matrix to take into account differences in the number of customer needs and functions for each subject's functional model and to remove biases for any one product.
Once implemented, the normalized product function matrix, N, has elements i j ϭ i jͩ j
where the average customer need rating is
the total customer need rating for the jth product is
the number of functions in the jth product is Transactions of the ASME
and the average number of functions is
where H is a Heaviside function, n is the number of products and m is the total number of different sub-functions for all products.
The averaging and scaling technique defined above is an intuitive way to account for variations in customer needs and functional models. We may now use this representation to determine the critical functions across the domain or any subdomain of products. For our purposes of comparing functional models of the same product by different designers, we normalize the columns of N to unity ͑denoted as NЈ͒ to allow for easier comparison between the two functional models. To generate the similarity matrix, we premultiply NЈ by its transpose as follows:
where the elements represent the similarity or commonality of important functions that functional models share. A similarity value of ϭ1 indicates two functional models are completely similar and a value ϭ0 indicates they are completely dissimilar. The formation of a product vector ͑to produce ⌽ and eventually ⌳͒ is dependent on the assignment of customer need weights to sub-functions. That assignment is inherently subjective, so we compute the sensitivity of the ⌳ matrix to changes in the initial customer need weight assignments. The sensitivity of ⌳ to a change in initial customer need rating of one point is identified as in the results that follow and, in general, show a change only in the second decimal place of ⌳ elements ͓36͔.
Experimental Results.
The product vector for the control functional model of the Nerf® ball blaster is shown in Table  10 . The 21 functional models from the participants are aggregated together to form the ⌽ matrix, as described in the previous section. It is normalized and the similarity matrix is calculated using Eq. ͑6͒. The results comparing participants with the control functional model are shown in Table 11 . To aid in interpreting the results, if every participant had created a functional model identical to the control, then all projections of the participants' product vector onto the control product vector would produce a similarity value of ϭ1. The results demonstrate that the functional modeling derivation method allows designers to find virtually all of the customer need based important sub-functions. The sensitivity calculation, also shown in Table 10 , further demonstrates that the similarity values are significant to the second decimal place.
For the original design experiment, i.e., Experiment 3, similar calculations are made. The control product vector is shown in Table 12 and the similarity results for the participants functional models when compared against the control are shown in Table 13 . The similarity values are not as high for the original design experiment as they are for the existing product experiment. However, they do indicate that the functional model derivation method does lead designers to identify a significant number of important functions for an original design ͑when no form is specified͒. This Table 9 Sub-function space for power supply Legend: aeϭacoustic energy emϭelectromagnetic heϭhuman energy meϭmechanical energy peϭpneumatic energy te ϭthermal energy ceϭchemical energy eeϭelectrical energy reϭrotational energy aeeϭalternating electrical energy deeϭdirect electrical energy. Transactions of the ASME is extremely encouraging and viewed as a significant confirmation of the repeatability of functional model derivation method.
Topological Uniqueness of Functional
Modeling "Experiments 2 & 3…. In this section, the topology of the functional models is evaluated. By topology, we are referring to the specific flow connections between sub-functions of the functional model. In the previous section only the uniqueness of the sub-function space was evaluated, but in order to thoroughly evaluate the uniqueness of the functional models they must be considered topologically. First, the functional models created in experiments 2 and 3 are entered into an adjacency matrix. The adjacency matrix allows comparison of the functional models without a dependence on the spatial orientation ͓29͔.
The control functional model, for each experiment, is entered into its own the adjacency matrix. Next, all of the functional models are entered into the adjacency matrix and then combined into a frequency adjacency matrix. Figure 6 shows a fragment of the frequency adjacency matrix for the Nerf® Ball Blaster.
The frequency adjacency matrix is read by starting at the specified row and reading over to the specified column. The flow, represented by a code in the cell i j, originates from the sub-function listed for row i and enters the specific sub-function listed for the column j. Each cell in the matrix displays the flows and the percentage of subjects who have the same flow connections. For example, in Fig. 6 , flow 10, which refers to electro-magnetic energy, enters the system through the sub-function import em and 13 of the 21 participants ͑62%͒ identified this connection. This process is then repeated until all of the functional models are entered. If all of the functional models were identical, then the percentages shown in each cell would be ''100. '' In order to display this information in a more understandable context, a modification to the frequency adjacency matrix is made. 
Statistical Analysis Across All Experiments.
In order to determine if the perceived improvement in the subjects' ability to identify sub-functions from the control ͑i.e., % sub-functions correct͒ between experiment 1 and experiment 2 is real or by chance, a t-test for dependent means is performed. The t-test between experiment 1 and 2 indicates there is a significant difference (pϭ0.0001). Additionally, a t-test comparing the average number of sub-functions per functional model between experiment 1 and 2 shows that the increase in complexity ͑i.e., the increased number of sub-functions used͒ is significant (p ϭ0.0039). Therefore we conclude that when the functional model derivation method is followed for the Nerf® Ball Blaster, the test subjects are able to identify more of the control functional model's sub-functions and are able to express the product's functionality at a greater level of detail.
More broadly, we can extrapolate this experiment's results to other populations. For experiment 2 ͑shown in Table 16͒ , a 95% confidence interval for , the true average similarity for the population similar to those tested, is ͑.7649,.8236͒, and a prediction interval for the similarity of any one randomly chosen from the population is ͑.6565,.9320͒. A 95% confidence interval for , the true average % sub-functions identified for the population similar to those tested, is ͑35.33,45.46͒, and a prediction interval for the % sub-functions of any one randomly chosen from the population is ͑16.63,64.15͒. For example, at the 95% confidence level, we can conclude that as few as 16.63% or as many as 64.15% of the sub-functions of the Nerf® ball blaster could be identified by a subject, similar to those who participated in this test, using the functional model derivation method. Similar statements for experiment 3 can be made, as Table 16 shows.
Conclusions
This experimental study leads us to make conclusions in five areas.
• Clarity in communication is increased by the functional basis vocabulary. The functional model derivation method definitely improves the clarity with which designers can communicate product function. This fact is borne out by a simple comparison of the sub-function space between experiment 1 and 2. This improvement is shown to be statistically significant by the t-test.
• Specifying a level of detail improves repeatability, as shown between experiment 1 and 2. The experiments also show that specifying a level of detail leads to functional models with more sub-functions, indicating that the functional modeling derivation method generates more complete functional models. This statement is also shown to be statistically significant.
• Deriving a functional model is more repeatable for redesign than original design cases. With this in mind, it should be noted that although the repeatability results of the original design case ͑experiment 3͒ are lower than the case of the existing product, they do show some measure of repeatability. One possible reason for this lower level of repeatability is the difficulties of creating a functional model for an original design. One must remember that many of test subjects participating in this experiment are new to functional modeling and may not have completely learned the skills required to complete such a difficult task. This finding may also represent a strength of the method-allowing needed freedom in functional expression for an original design while still presenting the functional description in a known language.
• In terms of generating quasi-unique functional models, the functional model derivation method appears to lead designers toward a unique model. In both experiments 2 and 3, the majority of the top 20% most frequently occurring sub-functions ͑of the total observed sub-function space͒ are found in the control functional model. As expected, more of the control's sub-functions are identified in the redesign case ͑experiment 2͒ than the original design case ͑experiment 3͒. From another standpoint, if we consider the control functional model to be the ''correct'' functional model with n sub-functions, then we can measure the method's ability to produce unique functional models by calculating the percentage of the control's sub-functions found in the top n most frequently observed sub-functions. With this approach, of the participants' top 28 most frequently occurring sub-functions in experiment 2, 68% are found in the control. Similarly for experiment 3, of the participants' top 22 most frequently occurring sub-functions, 64% are found in the control. Transactions of the ASME
• Flow connectivity is not repeatable at this point. While the adjacency matrix shows some flow connections are repeated ͑up to 100% frequency͒, few have a frequency over 20%. It is possible that the adjacency matrix is not the best metric for flow connectivity repeatability, as one simple permutation of a function chain will show as a deviation from the control. However, it is more likely that the task of creating function chains in the functional model derivation method requires more specification. This is an area for future work.
Overall, the functional modeling derivation method is viewed to improve repeatability over other approaches such as the Pahl and Beitz function structure generation method. Our research leads us to conclude that achieving a unique functional model from different designers is possible in terms of the sub-function space, but may not be realistic topologically. These conclusions are based on a relatively small sample size. Larger populations are needed to make more broad-based statements about repeatability Transactions of the ASME and uniqueness characteristics of this method. Additionally, a broader range of products ͑for both redesign and original design͒ should be examined in future experiments.
